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Abstract

Large Multimodal Models (LMMs) have
achieved significant success across various
tasks. These models usually encode visual in-
puts into dense token sequences, which are then
concatenated with textual tokens and jointly
processed by a language model. However, the
increased token count substantially raises com-
putational and memory costs during inference.
Token pruning has emerged as a promising ap-
proach to address this issue. Existing token
pruning methods often rely on costly calibra-
tion or suboptimal importance metrics, leading
to redundant retained tokens. In this paper, we
analyze the redundancy differences between vi-
sual and textual tokens and propose pruning
exclusively on visual tokens. Based on this, we
propose a visual token pruning strategy that ex-
plicitly preserves both cross-modal alignment
and intra-modal informational diversity. We
introduce a mutual information-based token
pruning strategy that removes visual tokens
semantically misaligned with textual tokens,
effectively preserving the alignment between
the visual and textual modalities. We further
refine the retained tokens by maximizing their
expected pairwise distances in the latent space
to enhance representational quality and reduce
redundancy. which is solved efficiently with
a greedy algorithm. Extensive experiments
demonstrate that our method maintains strong
performance while reducing tokens by 88.9%
on models such as LLaVA-1.5-7B and LLaVA-
NEXT-7B, resulting in a 56.7% improvement
in inference speed.

1 Introduction

Large Multimodal Models (LMMs) (Bai et al.,
2025; Team et al., 2025; Zhu et al., 2025; Liu et al.,
2024a; Lin et al., 2023; Chen et al., 2025a; Wang,
2026) have substantially enhanced the reasoning
capabilities of Large Language Models (LLMs)

*These authors contribute equally to this work.
Corresponding author.

(Brown et al., 2020; Touvron et al., 2023; Chiang
et al., 2023; Zhang et al., 2025c; Li et al., 2023a;
Zhang et al., 2025b; Huang et al., 2023; Zhang
et al., 2025a,d) by enabling joint processing of mul-
timodal inputs such as images and texts in various
domains (Li et al., 2026b,c; Chen et al., 2025b;
Xiao et al., 2026; Li et al., 2026a). Typically, vi-
sual inputs are encoded into dense token sequences
via a vision encoder and concatenated with tex-
tual tokens for unified processing by the language
model. However, the resulting token sequences of-
ten reach thousands in length, leading to significant
computational and memory overhead due to the
quadratic complexity of self-attention with respect
to sequence length (Vaswani et al., 2017; Face,
2024; Chen et al., 2023; Keles et al., 2023; Liu
et al., 2022). These limitations present major obsta-
cles to deploying LMM:s in resource-constrained or
latency-sensitive environments (Chen et al., 2024a;
Lin et al., 2025a).

Recent studies have shown that visual token rep-
resentations in LMMs exhibit substantial redun-
dancy (Liu et al., 2024c; Shang et al., 2024a; Huang
et al., 2024; Tong et al., 2025; Li et al., 2025a).
Leveraging this insight, visual token pruning meth-
ods have been proposed to reduce computational
cost by selectively removing unnecessary tokens.
By eliminating redundant visual tokens, these ap-
proaches effectively alleviate the quadratic bur-
den of long input sequences. Notably, prior work
demonstrates that pruning the majority of visual
tokens can yield significant efficiency gains with
minimal performance degradation (Zhang et al.,
2024a; Chen et al., 2024a; Lin et al., 2025a; Huang
et al., 2024; Sun et al.).

While token pruning is beneficial, its applica-
tion to LMMs remains challenging. Existing token
pruning methods can be broadly categorized into
three types. 1) A common approach is to use at-
tention scores to identify redundant tokens (Chen
et al., 2024b; Lin et al., 2025b; Shang et al., 2024b;
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Figure 1: Overview of the visual token pruning method.
We compute the average mutual information (MI) be-
tween each visual token and textual tokens to obtain
its semantic alignment score «;, and preserve the high-
est score tokens to form X(1). This subset is further
refined by Greedy RepMax, which prunes redundant
tokens to yield XV(?), Greedy RepMax is a greedy ap-
proximation to the NP Hard problem of maximizing the
expected pairwise distance among visual tokens.

Tong et al., 2025). However, such methods are sus-
ceptible to positional bias and often retain spatially
adjacent tokens with high similarity, leading to re-
dundancy and performance degradation. 2) Other
methods rely on model-specific calibration or fine-
tuning (Ye et al., 2025a; Lin et al., 2025b; Li et al.,
2025c; Cai et al., 2024), which incurs high com-
putational cost and limits scalability in practical
deployment. 3) Another line of work addresses to-
ken pruning by maximizing the minimum distance
between tokens (Alvar et al., 2025). While this
strategy encourages token separation, it is sensitive
to outliers and may fail to preserve cross-modal
alignment, ultimately affecting downstream perfor-
mance.

In view of these challenges and opportunities, we
propose a visual token pruning strategy that explic-
itly preserves both cross-modal alignment and intra-
modal informational diversity. Our analysis begins
by examining the inherent redundancy differences
between visual and textual tokens through three
key perspectives: attention mechanisms, seman-
tic distribution, and information repetition. These
analyses reveal that visual tokens exhibit signifi-
cantly higher redundancy compared to their textual

counterparts. Consequently, we choose to prune
only visual tokens while retaining all textual tokens.
To preserve cross-modal alignment during pruning,
we estimate the mutual information between visual
and textual token embeddings. Visual tokens with
higher expected mutual information with textual
tokens are more likely to exhibit semantic align-
ment with the textual modality and are therefore
retained, while those with lower mutual informa-
tion are pruned as misaligned. Additionally, we
retain visual tokens by maximizing their expected
pairwise distances in the embedding space, thereby
promoting intra-modal information diversity and
encouraging rich, non-overlapping visual semantic
representations. To address this problem efficiently,
we employ a greedy algorithm that iteratively se-
lects tokens exhibiting maximal dissimilarity. Ex-
tensive experiments demonstrate that our method
maintains strong performance while reducing to-
kens by 88.9% on models such as LLaVA-1.5-7B
and LLaVA-NEXT-7B, resulting in a 56.7% im-
provement in inference speed. In summary, our
contributions can be summarized as follows:

* We analyze the redundancy differences be-
tween visual and textual tokens and propose
pruning exclusively on visual tokens. Based
on this, we design a visual token pruning
method that explicitly preserves cross-modal
alignment and intra-modal information di-
versity, improving inference efficiency while
maintaining semantic integrity.

* We introduce a mutual information based
pruning strategy that retains semantically
aligned visual tokens with textual tokens
while removing misaligned ones, effectively
preserving the alignment between visual and
textual modalities.

* We propose an information diversity driven
pruning strategy that maximizes the expected
pairwise distances among visual tokens in the
embedding space, effectively reducing redun-
dancy and enhancing intra modal information
richness, which is solved efficiently with a
greedy algorithm.

2 Related Work

2.1 Large Multimodal Models (LMMs)

Large Multimodal Models (LMMs) extend pre-
trained LLMs by integrating multiple modalities
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(Bai et al., 2025; Team et al., 2025), such as im-
ages and texts. Typically, a vision encoder ex-
tracts dense visual features, which are projected
into the language model’s embedding space via
modules like Q-Former (Chebotar et al., 2023) or
MLPs (Taud and Mas, 2017). Conventional meth-
ods resize high-resolution images to a fixed scale
(Koonce, 2021), causing geometric distortions and
loss of fine-grained spatial details. Dynamic tiling
mitigates this by splitting images into smaller re-
gions, each independently encoded by a shared
encoder, better preserving local information (Yuan
et al., 2021; Yin et al., 2022). However, this in-
creases the number of visual tokens and computa-
tional cost, a challenge further amplified in video
LMMs due to multi-frame processing (Liu et al.,
2024c). These challenges highlight the need for
efficient inference methods to enable LMMs de-
ployment under resource constraints (Tong et al.,
2025).

2.2 Visual Token Pruning

Visual Token Pruning aims to reduce computational
overhead and improve inference efficiency by re-
moving redundant or less informative visual to-
kens. A common strategy is to leverage attention
scores to identify tokens for removal. For exam-
ple, PruMerge (Shang et al., 2024b) clusters and
merges tokens in the vision encoder based on at-
tention sparsity, while FastV (Chen et al., 2024a)
utilizes attention weights from the second layer of
the LLM to guide pruning. SparseVLM (Zhang
et al., 2024b) employs cross-modal attention for
text-conditioned token selection, and VisionZip
(Yang et al., 2025) compresses visual inputs via
CLS token attention in the final vision encoder
layer. FlowCut (Tong et al., 2025) identifies re-
dundancy from an information flow perspective by
analyzing attention propagation. LVPruning (Sun
et al., 2025) uses cross-attention to assess vision
token importance via interaction with language to-
kens, guiding token pruning. Other methods adopt
calibration-based strategies, where pruning ratios
and depths are determined by evaluating model
behavior on a held-out set. FitPrune (Ye et al.,
2025b) compares attention distributions before and
after pruning to inform token selection, while VTW
(Lin et al., 2025a) shows that tokens can be safely
dropped after specific layers, guided by calibration.
In addition, approaches like DivPrune (Alvar et al.,
2025) addresses token pruning by maximizing the
minimum distance between tokens. In addition,

there are some works (Li et al., 2025a; Zhang et al.,
2025¢; Li et al., 2025d) that are contemporaneous
with ours.

3 Token Redundancy Across Modalities

Previous studies (Shang et al., 2024a; Alvar
et al., 2025; Li et al., 2025a) primarily decide
to prune visual tokens based on the discrepancy
in the number of visual and textual tokens. How-
ever, these works do not thoroughly analyze the
differences in redundancy across modalities. In
this work, we provide a more detailed pruning guid-
ance by examining the redundancy of visual and
textual tokens from three perspectives: attention
mechanisms, semantic distribution and infor-
mation repetition. Our findings reveal that visual
tokens exhibit substantially higher redundancy than
textual tokens. Motivated by this observation, we
retain all textual tokens during the pruning process
and apply pruning exclusively to visual tokens. The
detailed analysis can be found in Appendix A.

4 Methodology

4.1 Problem Formulation

In this section, we propose a visual token prun-
ing strategy that explicitly preserves cross-modal
alignment while promoting intra-modal informa-
tion diversity. Given an input image, we extract
a sequence of visual tokens X¥ = {z7,... 2%},
and embed the accompanying text into a sequence
of textual tokens X* = {zf,... 2%}, where
xy, :cé € R4

Our pruning pipeline can be roughly divided
into two stages. In the first stage, we select a sub-
set X' X? with size ‘X”(l)’ = Ni, where
Nj < N, by retaining tokens with the highest
semantic alignment to the text modality, thereby
ensuring the preservation of tokens with strong
cross-modal correlations. In the second stage,
we further prune X*(!) to obtain a more compact
subset X*) < xv() with size |X”(2)‘ = No,
where No < N7, by maximizing the expected pair-
wise distance in the embedding space. This pro-
motes non-redundant and information-rich repre-
sentations while reducing computational overhead.
We provide the experimental analysis of the stage
order and the used metrics in Section 5.5 and Ap-
pendix E. Figure 1 illustrates the overview of our
method.
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4.2 Cross-Modal Alignment Aware Token
Filtering

During training, multimodal models primarily opti-
mize cross-entropy loss for text generation, which
often leads to an implicit weakening of cross-modal
alignment (Covert et al., 2024). Pruning as a post-
processing step for the model is crucial for cross-
modal alignment. To preserve cross-modal align-
ment during visual token pruning, we introduce
a mutual information based criterion that selects
a subset of visual tokens X") which maximizes
the expected mutual information with the textual
tokens. Our selection objective can be formulated
as follows:

/

20 = arg max By e [I(X” ;xt)} (1)
xv cav,
‘X“llle

Here, XV serves as a temporary variable.
I(XY'; z") denotes the average mutual information
between the textual token 2! and all visual tokens
in the subset X’*’. Furthermore, we define the align-
ment score «; of each visual token z; based on its
mutual information with the textual token set X'*
as follows:

M
1
a; = I(z}; X') = sz(xf;wE) 2
j=1

This score reflect the average semantic alignment
strength of visual tokens within the shared embed-
ding space. Intuitively, tokens with higher align-
ment scores are retained, while those with lower
semantic alignment are pruned.

Although mutual information provides a theoret-
ically grounded measure of cross-modal alignment,
its precise estimation in high dimensional spaces
often requires costly density modeling. We approxi-
mate mutual information using the L9 norm, which
reduces computational overhead without compro-
mising performance. It is worth noting that our
approximation is grounded in mathematical theory
and does not rely on any specific model architec-
ture. Additionally, we provide theoretical justi-
fication and experimental analysis to explain why
the Ly norm can be used for approximation (see
Appendix B, C and E). Therefore, we can compute
a; using the following formula:

1 M
a; = _Mz;”gf; — a2 3)
J:

We then construct the set XV(1) by selecting the
N; visual tokens with the highest alignment scores,
which can be represented as follows:

xv®) = {z} € XV | a; € topn, (a1, s, ...

;an)}t (4)

This selection effectively filters out semantically
misaligned visual tokens while retaining those with
the strongest cross-modal correlations, thereby en-
hancing alignment quality and reducing compu-
tational overhead. Even for semantically sparse
queries (e.g., image captioning on the COCO
dataset), our method consistently achieves strong
performance.

Superiority over Other Works Some works
prune visual tokens based on their attention scores
with textual tokens. However, these approaches
are susceptible to positional bias, often retaining
spatially adjacent tokens that are highly redun-
dant. Although both our method and these ap-
proaches leverage interactions between text and
vision, our method emphasizes alignment in the
semantic space rather than relying on positional
correlations. Moreover, we do not rely on an ad-
ditional CLIP model to remap the embeddings, as
this would alter the vector space and introduce ex-
tra computational overhead. We provide a detailed
comparison under different metrics in Appendix E,
where the results show that the Lo norm achieves
better performance compared to other measures.

4.3 Greedy Intra-Modal Representational
Maximization (RepMax)

After obtaining the visual token set X*(1), we select
a refined subset X¥(2) by explicitly maximizing
intra-modal information diversity. The core idea is
to retain a set of visual tokens that are semantically
diverse and non-redundant. To achieve this, we
maximize the expected pairwise distance among
the selected tokens. Specifically, we define the
distance between two visual tokens 7 and 7 using
cosine dissimilarity. Based on this, we formulate
the objective for subset selection as follows:

() T} 5)

D(a¥ 2% =1— /"5
1) = T

xv@ = argmaxExv P ER it
Fcav, TR

| X|=N2

[D(at, )]

(6)

This objective encourages the model to retain
visual tokens that capture complementary aspects
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of the input, thereby enhancing the representational
richness of the pruned token set. To address the
problem, we introduce a binary selection vector
~ € {0,1}M.. The objective can be expressed as
follows:

> %
max Yy - D(x?, zY), v = Nao (7)
~e{0,1}N1 =1 j=1 ! T3
i#£]

The above problem is a combinatorial optimiza-
tion task, which is known to be NP Hard. To ad-
dress this, we adopt an efficient greedy algorithm
for approximate optimization. The core idea is
to iteratively select the next visual token that is
farthest from the current selected subset in the em-
bedding space, thereby progressively enhancing
overall information diversity. Our experimental re-
sults further validate the effectiveness of the greedy
algorithm.

At the initial stage of the greedy algorithm, we
quantify pairwise relationships among visual to-
kens by constructing a cosine similarity matrix
C € RN *Ni_ Each element C;j of the matrix C
represents the similarity between tokens x; and
:c;’ Based on this matrix, we compute the average
similarity of each token with all others. The token
with the lowest average similarity is chosen as the
initial seed to initialize the selected set for the first
iteration (S (1)), and the remaining tokens consti-
tute the initial remaining set (R(l)). This can be
formulated as follows:

V) T aY
Cij = 7(,, ) : ®)
[l ll2- Il ll2
m_ 1
1 e ..

| _AHZFW Vi € [Ny 9)

]7
M = in_c{) 10
s argig[ljl\}h ¢ (10)
SW={sM}, RO =[]\ {sM} aD

where cgl) denotes the average similarity between

token x7 and the other /V; visual tokens. The in-
dex s(1) corresponds to the initial token selected as
the least similar on average to all others, and [V ]
denotes the set of indexs from 1 to N;. To enable
efficient incremental computation, we maintain a
similarity accumulation vector o € R, where
each element o; denotes the average similarity be-
tween token x; and all tokens in the selected set.
The initial similarity accumulation vector o(!) is

given by the similarity between the token indexed
by s() and all other tokens, which can be repre-
sented as follows:

oM = C 0. (12)

where C (). denotes the row vector in the matrix C
corresponding to the index s(1).

Ateachiterationt = 2,..., Ny, we compute the
average similarity between each remaining token
and all tokens in the current selected set. The re-
maining token with the lowest average similarity
is selected in this iteration, and its index is used to
update both the selected and remaining sets. Mean-
while, the total similarity accumulation vector is
incrementally updated to incorporate the newly se-
lected token. This process is formalized as follows:

1 _
CPZ;detQ vie RED  13)
s = arg min cl(-t) (14)

ieER(E-1)
SH =8t=Dy {50} RO =RED\ {sB} (15)
(16)

Here, S (®) and R denote the selected and remain-
ing sets after the ¢-th iteration, respectively. cl(-t)
represents the average similarity between the token
x; in the remaining set and all tokens in the selected
set at iteration ¢. The index s(*) corresponds to the
token selected during the ¢-th iteration, and C ).
denotes the row vector in the matrix C correspond-
ing to the index s(*). The similarity accumulation
vector o) is updated using the similarity vector
C,1). of the newly selected token.

This process is repeated N, times until Ny to-
kens have been selected. The resulting set X*(2) C
Xv() forms a maximally dispersed subset of visual
tokens with minimal internal redundancy.

MONSCE VN

Superiority over Other Works We compare our
method with DivPrune, which performs pruning by
maximizing the minimum distance. In our experi-
ments, we observe that outliers in the token embed-
dings can significantly affect DivPrune, preventing
it from achieving optimal performance. In contrast,
our method optimizes the expected pairwise dis-
tance, which effectively mitigates the influence of
outliers, and employs a designed greedy algorithm
to efficiently tackle the associated NP hard prob-
lem. The results of our comparative experiments
demonstrate a substantial performance improve-
ment over DivPrune. Furthermore, our method
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maintains strong performance when compared to
an extended variant (DivPrune*) implemented by
our method (see Section 5.4).

5 Experiments

5.1 Experimental Setup

Models and Baselines. We evaluate the perfor-
mance of our method across several representative
LMMs, including LLaVA-1.5-7B (Liu et al., 2023),
LLaVA-1.5-13B (Liu et al., 2023), LLaVA-NEXT-
7B (Liu et al., 2024b), LLaVA-NEXT-Video-7B
(Zhang et al., 2024c), Qwen2-VL-7B (Wang et al.,
2024) and InternVL2.5-8B (Chen et al., 2024c).
These models span a range of parameter scales and
encompass both image and video understanding
tasks. We evaluate our method alongside several
widely adopted baselines, including ToMe (Bolya
et al., 2023), FastV (Chen et al., 2024a), Sparse-
VLM (SpVLM) (Zhang et al., 2024b), PDrop (Xing
et al., 2024), VisionZip (Yang et al., 2025) and Di-
vPrune (Alvar et al., 2025). We additionally in-
clude the VTW (Lin et al., 2025b) method in our
efficiency evaluation. All baselines are assessed
under consistent experimental settings.

Datasets and Metrics. We evaluate our method
on diverse multimodal benchmarks covering vari-
ous tasks. For ChartQA (Masry et al., 2022), we
report the relaxed score. Image captioning quality
and diversity are measured by CIDEr on COCO
(Sharma et al., 2018) and NoCaps (Agrawal et al.,
2019). MMBenchgy (MMB) (Liu et al., 2024d)
uses a GPT-based score. Perceptual understanding
is assessed via the perception score on MME (Fu
et al., 2023). Accuracy evaluates general reasoning
on MMU (Zheng et al., 2025) and text recognition
on OCRBench (Liu et al., 2024e). Exact match
accuracy measures question answering on VQAok
(Marino et al., 2019) and VQATgxT (Singh et al.,
2019). POPE (Li et al., 2023b) is evaluated with
precision for positional understanding. This com-
prehensive protocol ensures thorough assessment
of generalization across multimodal tasks.

Implementation Details. Our experiments are
conducted using the PyTorch framework (Paszke
et al., 2019) and the Hugging Face Transformers
library (Wolf, 2020). We utilize an NVIDIA H100
GPU with 80GB of memory. We set the parameter
N; = |0.8N] by default. In both the ablation
study and case study, we fix the final number of
retained tokens to 64. The temperature, prompt
and preprocessing in our experiments all follow the

default settings of LMMs-Eval (Bo Li* and Liu,
2024).

5.2 Main Results

We conduct a comprehensive evaluation of our vi-
sual token pruning approach against several base-
lines. The upper bound refers to the maximum
number of visual tokens. As shown in Table 1,
our method consistently outperforms prior works
across a range of token retention ratios on LLaVA-
1.5-7B. At a moderate retention of 192 tokens, our
approach achieves an MME perception score of
1467.30, with only a 2.7% drop relative to the dense
model, compared to 13.7% and 16.2% drops for
FastV and ToMe, respectively. Compared with the
strongest baseline, DivPrune, our method improves
MMB accuracy from 62.28 to 63.75, a relative gain
of 2.4%. To further assess the scalability of our
approach, we extend our evaluation to LLaVA-1.5-
13B and conduct a comparative analysis against
VisionZip and DivPrune under varying visual to-
ken retention settings. As presented in Table 2, our
method consistently surpasses others, demonstrat-
ing its effectiveness at higher model scale. These
results highlight the generalization ability of our
pruning strategy in large scale settings.

In addition, we conduct experiments on LLaVA-
NEXT-7B using a larger pool of visual tokens
across different retention settings. As shown in
Table 3, our method consistently achieves the
strongest performance across a range of com-
pression levels. Furthermore, our experiments
on LLaVA-NEXT-Video-7B, Qwen2-VL-7B and
InternVL2.5-8B also demonstrate the effectiveness
of the proposed method (see Appendix D and G).

5.3 Efficiency Analysis (Accounting for
Pruning Overhead)

In this section, we evaluate the inference efficiency
of our method on LLaVA-NEXT-7B using the
MME dataset. We repeat the process three times
and report the average result. For a fair compari-
son, the number of decoding steps for each method
is fixed to the minimum decoding steps required
among all methods. As shown in Table 4, we re-
port the average inference time (time to generate
the complete output) per sample with a batch size
of 1 and 288 visual tokens retained. Compared to
the original dense model (15.53 GB, 235.2 ms),
all pruning methods significantly reduce memory
usage and cut inference latency by more than half.
Our method achieves an inference time of 100.13
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Method ‘ChartQA COCO MMB MME MMU NoCaps OCRB VQAok POPE VQArgxt
Upper Bound, 576 Tokens (100%)

Dense ‘ 18.20 1.10 64.09 1508.24 36.33 1.06 31.30 53.44 93.86 46.11
Retain 192 Tokens (|, 66.7%)
ToMe 15.45 0.08 58.64 1262.74 31.49 0.08 29.19 46.88 77.64 39.60
FastV 15.24 0.08 63.06 130233 31.26 0.09 29.53 47.24 69.49 38.43
SpVLM 17.17 1.05 61.62 1390.39 35.55 1.00 30.16 50.47 89.66 42.00
PDrop 17.06 1.06 60.41 1426.75 3442 0.99 30.35 50.83 88.26 41.78
VisionZip 17.48 1.06 62.92 1440.02 35.88 1.01 30.41 51.14 92.20 43.01
DivPrune 17.40 1.06 62.29 143644 35.78 1.01 30.40 51.55 91.37 43.24
Ours 17.80 1.08 63.75 1467.30 36.22 1.03 31.00 52.29 93.68 45.10
Retain 128 Tokens (| 77.8%)
ToMe 14.13 0.06 57.27 1066.04 30.69 0.06 24.93 43.24 68.92 37.90
FastV 13.86 0.07 62.89 1182.73 31.71 0.08 26.24 44.56 65.41 35.88
SpVLM 16.56 1.04 60.08 1346.25 33.85 1.01 28.06 48.35 88.35 40.51
PDrop 16.35 1.03 59.97 1320.85 34.76 1.01 28.81 49.85 90.32 41.30
VisionZip 17.00 1.05 61.94 139333 36.10 1.02 28.88 49.66 93.75 4271
DivPrune 16.96 1.04 61.77 1396.25 36.22 1.04 29.00 50.02 91.31 41.66
Ours 17.80 1.06 62.80 1397.22 36.44 1.02 29.50 51.12 94.29 44.28
Retain 64 Tokens (| 88.9%)
ToMe 12.49 0.05 4997  909.99 27.46 0.06 20.07 39.47 62.85 34.59
FastV 12.03 0.05 58.94 1004.35 29.40 0.06 22.04 41.65 57.46 32.81
SpVLM 14.92 0.99 58.03 1203.46 26.55 0.95 25.81 45.14 89.91 37.51
PDrop 15.14 0.99 4542 124824 3498 0.94 27.00 44.09 66.92 33.81
VisionZip 15.74 1.00 5991 1348.03 35.80 0.95 28.50 48.85 92.85 41.31
DivPrune 15.84 0.99 59.28 1348.99 35.89 0.94 27.60 48.36 92.18 39.22
Ours 16.36 1.02 61.34 1359.12 36.11 0.98 29.00 49.37 95.01 41.45

Table 1: Comparison of visual token pruning methods on LLaVA-1.5-7B across multiple benchmarks under varying
token retention ratios. Best results are highlighted in bold.

Method ‘ ChartQA' COCO MMB NoCaps OCRB POPE Method ‘ ChartQA' COCO MME NoCaps OCRB POPE
Upper Bound, 576 Tokens (100%) Upper Bound, 2880 Tokens (100%)
Dense 18.20 1.16 68.73 1.09 33.60 94.44 Dense 54.88 1.00 151930  0.88 5250  95.71
Retain 144 Tokens ({ 75.0%) Retain 720 Tokens (| 75.0%)
VisionZip 17.44 1.10 65.76 1.03 31.19  95.54 ToMe 36.57 0.08 129412 0.09 4225  81.58
DivPrune 17.28 1.09 66.41 1.02 31.10  94.63 FastV 36.09 0.09  1334.69  0.10 4274 73.01
Ours 17.44 110 6735  1.04 33.00  96.69 SpVLM 40.66 095 142494 082  43.65 94.20

PDrop 40.39 0.95 1462.20 0.83 4393 9273
VisionZip 4091 0.95 1480.45 0.84 44.07  96.27
DivPrune 41.20 0.95 1472.13 0.83 44.00  96.00

Retain 128 Tokens (| 77.8%)
VisionZip 17.09 1.09 66.02 1.02 31.01 95.04
DivPrune 17.08 1.09 66.07 1.01 3090 94.76

Ours 44.92 1.00 150324 086 4640  96.44
Ours 17.88 1.09 6684 104 3310 96.55
- Retain 640 Tokens (| 77.8%)
Retain 64 Tokens (1. 88.9%) ToMe 32.43 008 113313 008  37.05 7273
VisionZip | 16.29 1.04 6444 097 2977 95.03 FastV 31.82 0.08  1257.15  0.09 39.00  69.02
DivPrune 16.32 1.03 6452 0.97 30.10  95.84 SpVLM 37.99 0.94 143096  0.83 4171 93.22
Ours 16.56 1.05 6495  0.99 30.60  97.63 PDrop 37.53 0.94 140396 082 4282 9531

VisionZip | 39.01 096 147523 083 4287  96.67

. . : . DivPrune | 38.92 096 148412 083  43.10 9635

Tabl;: %1 Cgmparlson between our v1sua;1 token prumilg.g> Ours B 099 149260 099 4510 9676
method and DivPrune on LLaVA-1.5-13B across multi- Retain 320 Tokens (1 55.9%)

ple benchmarks under varying token retention settings. ToMe 25.27 008 97613 008 2523 66.17
FastV 2434 008 107735 008 2771 6050

SpVLM | 30.18 092 129093 080 3245 94.66

PDrop 3062 092 133897 080 3395 7046

VisionZip | 32.14 094 144585 081 3535 9571

ms, representing a 57% reduction compared to the Di(v)‘:lrr“s“e gégj 832 ij;‘;gg 82(2’ ;‘7‘;8 gzgg
dense baseline. When compared with other pruning

baselines, our approach achieves lower latency than ~ Table 3: Performance comparison of our visual token
VTW and FastV. Although our latency is slightly ~ pruning method with other baselines on LLaVA-NEXT-
higher than DivPrune, this small gap is negligible =~ 7B across multiple benchmarks under varying token
given the superior task performance consistently retention settings (retaining 720, 640, and 320 tokens).
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Method | Memory (G) Latency (ms)
Dense 15.53 235.2
VTW 13.63 103.71
FastV 13.63 108.29

DivPrune 13.63 99.53
Ours 13.63 100.13

Table 4: Comparison of peak GPU memory usage and
average per-sample latency for our pruning method and
baselines on LLaVA-NEXT-7B, evaluated on the MME
dataset with a batch size of 1 and 288 retained tokens.

achieved under the same token budget. It is worth
noting that pruning is performed during inference;
therefore, the reported inference latency includes
the overhead introduced by the pruning process.
These results demonstrate that our pruning strategy
provides substantial improvements in memory and
latency efficiency. We additionally evaluate inputs
at the maximum length supported by the LLaVA-
NEXT-7B model. Before applying our pruning
method, the latency is 365.8 ms; after pruning, it is
reduced to 167.95 ms. This demonstrates that our
method effectively reduces latency even on long
sequences.

5.4 Comparison with our DivPrune variants
(DivPrune*)

We further extend the DivPrune approach to enable
a more comprehensive comparison. Concretely, we
integrate our cross-modal pruning strategy with Di-
vPrune under its default configuration, forming a
new variant denoted as DivPrune*. We evaluate
this variant on LLaVA-1.5-7B while retaining 64
visual tokens. As shown in Table 5, our method still
surpasses DivPrune*. Combined with the earlier
results, we also observe that DivPrune* achieves
noticeable gains over the original DivPrune, high-
lighting the crucial role of cross-modal alignment
in boosting performance. Moreover, these findings
demonstrate that our greedy intra-modal expecta-
tion representation maximization strategy is more
effective than the minimum distance maximization
employed in DivPrune.

5.5 Ablation Study

To further validate the effectiveness of our ap-
proach, we conduct ablation studies with three dif-
ferent configurations. ablation; swaps the order
of the two pruning stages by applying intra-modal
representation maximization before cross-modal

Method | ChartQA COCO MMB

DivPrune 15.84 0.99 59.28
DivPrune* 16.02 1.01 60.58
Ours 16.36 1.02 61.34

MME MMU NoCaps

134899  35.89 0.94
135528 36.02 0.96
1359.12  36.11 0.98

Table 5: Comparison of DivPrune variants (DivPrune*)
with our method on LLaVA-1.5-7B across multiple
benchmarks.

alignment. ablations removes intra-modal prun-
ing and only retains cross-modal alignment based
pruning. ablations eliminates cross-modal align-
ment pruning and applies only intra-modal repre-
sentation maximization. As shown in Table 6, the
performance consistently drops once any compo-
nent is removed, indicating the necessity of each
part of our framework. Moreover, using only cross-
modal pruning or altering the pruning order leads
to more severe degradation. We conjecture that
this is because text-related visual information is
often concentrated in local regions, where tokens
align with the text but may carry highly similar
semantics. Additional experiments in Section F
further demonstrate that with properly chosen prun-
ing parameters for each stage, our method achieves
strong performance. We provide additional results
for ablations in Appendix G.2, and further analy-
sis of ablation; in Appendix I.

Method ‘ ChartQA' COCO MMB MME MMU NoCaps
ablation 13.12 0.83 50.00 1114.77 34.56 0.76
ablationy 13.08 0.83 49.57 1108.64 34.33 0.75
ablations 16.16 1.00 59.97 1311.46 36.02 0.97

Ours 16.36 1.02 61.34 1359.12 36.11 0.98

Table 6: Ablation study of different pruning strategies
on LLaVA-1.5-7B across multiple benchmarks.

6 Conclusion

In this paper, we analyze the redundancy between
visual and textual tokens in LMMs and propose
a pruning strategy that operates exclusively on vi-
sual tokens. Our method explicitly preserves cross-
modal alignment and intra-modal informational
diversity. Specifically, we leverage mutual informa-
tion to eliminate visual tokens that are semantically
misaligned with textual inputs, ensuring the consis-
tency across modalities. To enhance the representa-
tional quality of the retained tokens, we maximize
their expected pairwise distances in the embedding
space via an efficient greedy algorithm. Extensive
experiments demonstrate the effectiveness of our
approach.
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Limitations

In this work, we conduct extensive experiments to
evaluate the effectiveness of our multimodal model
token pruning method. The results demonstrate that
our approach achieves competitive performance
compared to the baselines. However, due to com-
putational constraints, we have not yet been able
to evaluate it on larger scale models, such as those
with 70 billion parameters. Exploring the scalabil-
ity of our method to such large models constitutes
an important direction for future work.
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A Token Redundancy Across Modalities

Previous studies (Shang et al., 2024a; Alvar et al.,
2025; Li et al., 2025a) primarily decide to prune vi-
sual tokens based on the discrepancy in the number
of visual and textual tokens. However, these works
do not thoroughly analyze the differences in redun-
dancy across modalities. In this work, we provide
a more detailed pruning guidance by examining the
redundancy of visual and textual tokens from three
perspectives: attention mechanisms, semantic dis-
tribution and information repetition. Our findings
reveal that visual tokens exhibit substantially higher
redundancy than textual tokens. Motivated by this
observation, we retain all textual tokens during the
pruning process and apply pruning exclusively to
visual tokens.

The attention distribution in multimodal mod-
els is highly skewed, with textual tokens receiv-
ing significantly higher weights than visual tokens
(Li et al., 2025b; Lee et al., 2025). This suggests
that the model primarily relies on text for seman-
tic understanding. Visual inputs often consist of
hundreds or thousands of tokens, far exceeding
the number of textual tokens. Given the quadratic
complexity of attention with respect to token count,
this mismatch between quantity and contribution
is pronounced. Despite the large number of visual
tokens, their impact on the final representation is
limited, resulting in poor trade offs between com-
putational cost and semantic gain and reflecting the
high redundancy of visual tokens.

Each token in text typically carries explicit se-
mantic meaning, such as a noun, verb, or con-
junction, reflecting natural language as a highly
optimized discrete encoding system with dense
and relatively uniform information distribution
(Hirschberg and Manning, 2015). In contrast, se-
mantic information in images is highly concen-
trated in a small number of salient regions, such
as foreground objects, while the majority of visual
tokens correspond to low-semantic areas like sky
or walls, which mostly contain low-frequency tex-
tures or superficial variations and contribute little to
high-level semantic understanding. Consequently,
the effective semantic density of visual tokens is
significantly lower than that of textual tokens.

Compared to textual tokens, visual tokens ex-
hibit higher information redundancy due to differ-
ences in their generation processes and underly-
ing information structures. Textual tokens, derived
from natural language, follow Zipf’s law (Newman,

2005; Adamic and Huberman, 2002) and represent
distinct semantic units with low repetition. In con-
trast, visual tokens are typically generated by uni-
formly partitioning images or extracting low-level
features without semantic organization. For exam-
ple, a sky region is divided into multiple similar
patches that cluster in embedding space and jointly
represent a single high-level concept, causing re-
dundancy. Visual tokenization resembles physical
partitioning rather than frequency-driven seman-
tic abstraction, forcing models to process many
similar tokens and resulting in computational and
representational inefficiency.

B Proof of L, Norm Approximation to
Mutual Information

When considering two continuous random vari-
ables x; and :c;, corresponding to two distributions,
the mutual information between them is defined as
follows:

T(xY: t _f v .t 1 p(zf\x;)d vdt (17)
(xi,xj)— p(xi,xj) 08 —piery - dridz;

To render this quantity tractable, we make the
following assumptions:

* The conditional distribution p(zy | %) is
modeled as an isotropic Gaussian. We con-
duct extensive experiments and find that, dur-
ing the fitting process, the conditional distri-
bution exhibits per-dimension means and stan-
dard deviations concentrated around (-0.0035)
and (0.7842), respectively, which substanti-
ates the validity of our hypothesis. Then, we
can derive the following expression:

p(a} | ) = N(aj, 0°I)

3 (18)

Here, I denotes the identity matrix.

* The marginal distribution p(z}) is generally
unknown and intractable; thus, we approxi-
mate it as a constant C'. This assumption
regarding the marginal distribution has been
widely used by multiple previous works (Tier-
ney and Kadane, 1986; Bishop and Nasrabadi,
2006).

Based on the above assumptions, we obtain the
following expression:

logp(a} | 2}) = C1 — = l|lay — 24|53 (19)
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Here, C, = —% log(2m0?) is a constant indepen-
dent of the inputs, and we denote C' = Cy — Cs.
Therefore, the Lo norm provides a theoretically
grounded approximation of mutual information.

C Further Analysis of L, Proxy

In typical representation learning frameworks, the
objective is to distinguish between “truly related”
sample pairs and “unrelated” ones. From a statisti-
cal perspective, the most natural measure of such
relatedness is mutual information: if observing one
variable substantially reduces the uncertainty of an-
other, their mutual information is high; otherwise,
it is low. To ensure that the learned representations
reflect this underlying structure, training objectives
are often designed to incorporate contrastive learn-
ing or mutual-information-maximization principles.
These objectives explicitly encourage the model to
assign higher similarity scores to related pairs and
lower scores to unrelated ones. Since such sim-
ilarity scores are commonly parameterized using
distance-based functions in the embedding space,
the only practical way to approximate mutual in-
formation during optimization is to pull related
samples closer together while pushing unrelated
samples farther apart. As a result, the Lo distance
naturally acquires the semantic role of encoding
the degree of relatedness between representations.

D Additional Comparative Experiments

We evaluate our method on the video based multi-
modal model LLaVA-NEXT-Video-7B. Using the
same pruning strategy as in our image understand-
ing experiments, we conduct evaluations on the
COCO dataset and report standard image caption-
ing metrics, including BLEU-1/2/3/4, ROUGE-L
and CIDEr. We compare our method against Di-
vPrune, a really strong baseline for visual token
pruning. As shown in Table 7, our approach consis-
tently outperforms DivPrune across all evaluation
metrics under various token retention settings. For
instance, with 960 tokens retained, our method
improves the BLEU-4 score from 28.46 to 30.41,
representing a relative gain of 6.9%. These results
demonstrate the robustness of our method in video
scenarios.

E Metric Analysis

In addition to the theoretical analysis of approxi-
mating mutual information (MI) using the Lo norm,

Method B-1 B-2 B-3 B-4 R-L CIDEr
Upper Bound, 2880 Tokens (100%)
Dense | 71.07 54.78 40.50 29.24 53.58 1.02
Retain 960 Tokens (] 66.7%)
DivPrune | 72.51 5497 40.00 28.46 53.79  0.99
Ours 73.27 56.63 42.03 3041 54.67 1.04
Retain 720 Tokens (. 75.0%)
DivPrune | 72.35 54.81 39.88 2837 53.61 0.99
Ours 72.87 56.34 41.77 30.23 54.47 1.04
Retain 540 Tokens (] 81.3%)
DivPrune | 71.72 54.16 39.21 27.75 5328 098
Ours 72.34 5555 4092 2947 5375 1.03
Retain 480 Tokens (. 83.3%)
DivPrune | 71.28 53.72 38.88 27.47 53.13  0.97
Ours 72.44 5549 40.74 29.21 53.80 1.01

Table 7: Performance comparison of our visual token
pruning method and DivPrune on LLaVA-NEXT-Video-
7B, evaluated on COCO using standard captioning met-
rics. B denotes BLEU, and R denotes ROUGE.

we conduct empirical validation on LLaVA-1.5-
7B with 64 visual tokens retained. Specifically,
we implement cross-modal alignment using three
metrics: mutual information, its Ly norm approxi-
mation, and cosine similarity. We use scikit-learn
(Pedregosa et al., 2011) to compute mutual infor-
mation, where the library employs a nonparametric
k nearest neighbors approximation method, with k
set to 3 by default. As shown in Table 8, the method
using the Lo norm approximation achieves perfor-
mance comparable to that of exact mutual informa-
tion, and consistently outperforms the one using
cosine similarity. We guess that this phenomenon
occurs because semantic alignment between tex-
tual and visual tokens requires not only directional
consistency but also a substantial overlap in their
feature distributions. We further compare perfor-
mance under different intra-modal redundancy met-
rics, namely cosine similarity and the Lo norm. As
shown in Table 9, cosine similarity consistently
yields better results. This suggests that cosine sim-
ilarity is generally more effective for measuring
redundancy within unimodal data, which is consis-
tent with prior empirical findings (Qin et al., 2024)
in the literature.

Metric | ChartQA COCO MMB MME MMU NoCaps
MI 16.38 102 6138 1362.88 36.12 098
Ly 16.36 1.02 6134 1359.12 36.11 098
cos 16.26 1.01  61.15 1357.05 3583 097

Table 8: Performance comparison among various cross-
modal alignment metrics across multiple benchmarks.
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Metric | ChartQA COCO MMB MME MMU NoCaps

Lo 16.32 1.0 61.26 135691 36.02 0.98
cos 16.36 1.02 61.34 1359.12 36.11 0.98

Table 9: Performance comparison among various intra-
modal redundancy metrics across multiple benchmarks.

F Hyperparameter Analysis

In this study, we conduct an analysis of the influ-
ence of the token retention parameter Nj in the
first stage cross-modal token pruning process on
the overall performance of our method. As pre-
sented in Table 10, we evaluate several represen-
tative configurations on LLaVA-1.5-7B, including
Ny = |0.9N], N; = [0.8N], N1 = [0.75N],
and N7 = [0.7N], where N represents the total
number of visual tokens in the dense model. In all
cases, the final number of retained tokens is fixed
at 64. Our method consistently achieves strong and
stable performance across these different settings,
indicating that it is largely insensitive to the choice
of V. These strong results highlight the robustness
of our method to different hyperparameter settings.

Ni | ChartQA COCO MMB MME MMU NoCaps
[0.9N] 16.48 1.02 6099 133241 3611 097
[0.8N] 16.36 1.02 6134 135912 3611 098
[0.75N] 16.28 102 61.08 133468 36.11  0.97
[0.7N] 16.00 102 6143 134734 3578  0.97

Table 10: Impact of different values of the parameter
N; on model performance using LLaVA-1.5-7B.

G Generalization of Our Method

G.1 Additional Results on More Models and
Datasets

We further conduct comparative experiments with
strong baselines on a broader range of models and
datasets to comprehensively evaluate the general-
ization capability of our proposed approach. Specif-
ically, we select representative high-performance
baselines, including VisionZip and DivPrune, and
extend our evaluation to additional multimodal
models such as InternVL2.5-8B, as well as more
challenging datasets including DocVQA. As shown
in Table 11, our method consistently maintains sta-
ble and competitive performance, often outperform-
ing or at least matching existing baselines under
the same pruning ratio. These findings further ver-
ify the effectiveness and robustness of our pruning
strategy across a wide range of application scenar-
ios, indicating strong generalization ability.

G.2 Results of ablations on More
Benchmarks

We conduct additional ablation experiments on
ablations across a broader set of benchmarks, with
the results summarized in Table 12. Through eval-
uation over diverse tasks and evaluation metrics,
we observe consistent performance degradation on
multiple benchmarks when this component is re-
moved. This trend indicates that the component
plays a crucial role in preserving the overall model
performance, stabilizing visual semantic represen-
tations, and enhancing generalization. The results
further validate the necessity and effectiveness of
this component within our method.

H Performance at Lower Pruning Ratio

We further evaluate LLaVA-1.5-7B under a 50%
pruning ratio using our proposed method. As
shown in Table 13, we observe that the pruned
model exhibits performance that differs only
marginally from the original dense model. This re-
sult indicates that our approach is able to preserve
the core multimodal reasoning capability of the
model even under moderate pruning, while effec-
tively reducing the number of visual tokens without
introducing noticeable performance degradation.

I Further Analysis of Stage Ordering

We provide an analysis of the two orders, Situa-
tion 1 and Situation 2, to illustrate the advantages
of using Situation 1. Situation 1: First perform
cross-modal alignment pruning, and then intra-
modal representation maximization pruning. At
the beginning of the first stage, the visual tokens
still exhibit a high degree of repetition, so align-
ment pruning is unlikely to mistakenly remove truly
representative tokens. After the first stage, perform-
ing representation maximization pruning allows us
to select tokens that are more diverse and repre-
sentative, thereby achieving better performance.
Situation 2: First perform intra-modal repre-
sentation maximization pruning, and then cross-
modal alignment pruning. During the first stage,
representation maximization pruning tends to re-
move a large number of repetitive tokens, leaving
mainly representative tokens. Performing align-
ment pruning on this set at this point is more likely
to mistakenly remove tokens that are originally rep-
resentative, thereby compromising the integrity of
the final representations and leading to a drop in
performance.
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Model Method | MMB MME VQAggxr DocVQA InfoVQA POPE COCO NoCaps
Dense | 7826 189400  65.00 89.30 7230 9461  1.07 1.02

VisionZip | 7426 1702.97  57.18 82.15 68.96 9316  1.03 0.97

Qwen2-VL-7B | 1y, brune | 73.96 1699.03  58.29 83.01 69.65 9352  1.03 0.98
Ours | 7490 170674  58.43 84.12 7003 9421  1.05 1.00

Dense | 78.82 1896.00  63.20 87.60 7310 9482  1.02 1.06

VisionZip | 7475 1702.86  56.81 82.03 6992 9371  0.99 1.01
InternVL2.5-8B | 1yioprine | 74.86 171076 56.51 81.75 69.16 9328 097 1.01
Ours | 7516 172232  57.07 82.96 7082 9500  0.99 1.03

Table 11: Performance comparison of different methods on more models across multiple benchmarks.

Method \ OCRB POPE ScienceQA  VQArexr ScienceQAmnc GQA  VizWiz MMBCN MM Vet
ablations 27.4 93.96 35.79 40.96 34.69 54.31 55.83 51.34 27.39
Ours 29.0 95.01 37.11 41.45 35.75 56.03 56.11 52.90 28.90

Table 12: More ablation results on ablations evaluated across a diverse set of multimodal benchmarks.

J Distribution of Distances Between
Visual and Text Tokens

We compute and analyze the Ly distances between
text tokens and visual tokens. We observe that
approximately 80% of the visual tokens fall within
a relatively compact distance range from 21.57 to
37.32 with respect to the text tokens. In contrast,
about 10% of the visual tokens exhibit moderately
larger distances, ranging from 37.32 to 70.36. The
remaining 10% of visual tokens span a substantially
broader range, from 70.36 up to 771.45, indicating
a drastic increase in distance and suggesting weak
semantic alignment with the textual tokens.

K Pruning Analysis

K.1 Analysis of Pruned Regions

We analyze the visual tokens pruned from the input
images and observe that the majority of the re-
moved tokens fall into several common categories.
Specifically, these tokens mainly correspond to
large background regions, such as sky and grass,
highly repetitive areas, such as repeated brick pat-
terns on buildings, regions that are distant from the
semantic center of the image, including empty or
less informative areas near image boundaries, and
edge or noise, such as minor meaningless textures,
visual artifacts, or dark corners. This analysis indi-
cates that the proposed pruning strategy effectively
removes redundant visual tokens while preserving
semantically relevant regions.

K.2 Performance on Harder Inputs

Our evaluation datasets include a substantial num-
ber of challenging samples, such as inputs with
ambiguous or vague textual descriptions, as well
as images in which the key semantic elements oc-
cupy only a small portion of the visual content.
The strong performance achieved by our method
on these benchmarks demonstrates that it is able to
robustly preserve semantically relevant information
and maintain reliable reasoning capabilities even
under such difficult input conditions.

L Evaluation over Multiple Runs

Under the evaluation framework adopted in this
work and the runtime environment described in the
paper, the execution of the model is fully determin-
istic. As a result, repeated runs under the same
settings do not introduce any randomness or vari-
ability in the outcomes. We conducted multiple in-
dependent runs using identical configurations, and
the results were completely consistent across all
trials, with no observable fluctuations in any of the
reported metrics. This confirms that the reported
performance is stable and reproducible under the
specified experimental conditions.

M Case Study

To qualitatively assess the effectiveness of our prun-
ing strategy, we conduct a case study using LLaVA-
1.5-7B on samples from the COCO dataset. As
illustrated in Figure 2, we compare the captions
generated by the original dense model and our
pruned model, which retains significantly fewer
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Method | ChartQA COCO MMB MME MMU NoCaps OCRB VQAok POPE VQArgxt

Dense 18.20 1.10 64.09 1508.24 36.33 1.06 31.30 53.44 93.86 46.11
Ours 18.00 1.10 64.00 1502.30 36.22 1.06 31.30 53.36 93.90 46.10

Table 13: Performance comparison of Dense and our method on LLaVA-1.5-7B with a 50% pruning ratio.

visual tokens. The results show that the pruned
model produces captions that remain semantically
coherent and fluent, closely aligning with those
generated by the dense model. This demonstrates
that our method effectively removes redundant vi-
sual tokens while preserving caption generation
capabilities. Overall, the case study highlights that
substantial token reduction can be achieved with-
out compromising output quality, underscoring the
practical utility of our approach.
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Prompt: Provide a one-sentence caption for the
provided image.

GT caption: A car is parked on dry grass with
kites overhead.

Dense model: A white truck is parked in a field
with a bunch of kites flying in the sky.

Ours: A white fruck is parked in a field with a
bunch of kites flying in the sky.

Prompt: Provide a one-sentence caption for the
provided image.

GT caption: A large passenger jet sitting on top
of an airport runway.

Dense model: A United airplane is sitting on the
runway.

Ours: A United Airlines plane is sitting on the
runway.

(b)

Prompt: Provide a one-sentence caption for the
provided image.

GT caption: A bathroom with a bathtub and a
sink overlooking a blue ocean.

Dense model: A bathroom with a large bathtub
and a window.

Ours: A large bathtub is situated in a bathroom
with a window above it.

©

Figure 2: Case study comparing captions generated by dense and pruned models (LLaVA-1.5-7B) on the COCO
dataset, demonstrating output consistency despite substantial token reduction.
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